I. INTRODUCTION
Functional electrical stimulation (FES) is able to restore injured subjects' motor ability by delivering electrical current pulses to their paralyzed muscles. Muscle contraction can be artificially driven through the recruitment of motor units by electrical stimulus. The elicited muscle contraction transfers muscle-tendon force to the limb segment and finally results in joint movement. The resultant joint force/torque was found to be highly correlated to evoked electromyography (eEMG) [1] [2] . Explicit consideration of eEMG which represents evoked muscle electrical activities for joint torque estimation and control, could distinguish the actual moment elicited by stimulus and that by external forces. In our previous works [3] [4] [5] , eEMG was employed for muscle fatigue tracking with surface and implanted stimulation electrodes placed on patients, and we analyzed and evaluated the estimating performance in a off-line way with the recorded data. From such off-line analysis and evaluation we see that the eEMG based estimation approach can be considered for torque prediction, implying its potential online usage for FES.
In realistic clinical environments for personalized neuroprosthetics [6] [7] , the FES executions divided in loops should be completed adaptively within a reasonable time duration (few ms). The closed loop modeling involving the acquired bio-feedback information (e.g., eEMG and joint torque) has to be established and identified in real-time to facilitate the stimulus modulation. In addition to evaluating and verifying the eEMG based torque estimation approaches with the recorded data in a off-line way, developing the real-time eEMG based torque estimation system is one of the key preliminary steps before implementing real-time closed loop torque control. If the real-time eEMG-based torque estimation/prediction works well, one may consider to perform real-time predictive torque control by FES.
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Here we list some major issues which should be considered as follows.
1) Acquisition and processing of raw eEMG and human kinetics/kinematics data should be performed synchronously to determine the true correlation between them;
2) estimation should be computed every stimulation loop; 3) stimulation sampling time should be maintained regardless of additional torque estimation process.
One key and challenging point can be that the computational identification time should be constrained to the time intervals between adjacent stimulation loop executions.
Theoretically a Mwave appears once per stimulation loop post stimulus delivered to motor units, and the instant identification should be done before the next Mwave appears. Therefore, model parameters updating for every stimulation loop has to be achieved no more than the period of the loop. Otherwise, there will be largely-accumulated time lags between the real torque and estimated torque, making the estimation corrupted.
In this paper, we present a real-time eEMG based joint torque estimation system. In such system, raw eEMG (Mwave) and joint torque data are acquired synchronously and afterwards mean absolute value (MAV) of the raw eEMG is calculated per stimulation loop. Recursive Kalman filter (KF) is used as the online estimator for identifying MAV-to-torque relationship. Prediction results show promising performance of real-time eEMG based joint torque estimation system.
II. PROTOCOL AND DATA PROCESSING
The system tests were conducted on one able-bodied volunteer subject upon his consent at the EuroMov M2H center, Montpellier, France, as a pilot study before entering a wide protocol on spinal cord injured patients (approved by Nîmes Ethics Committee, France, 2013). The system setup for the torque estimation experiment is shown in Fig. 1 . The system consists of the wireless stimulator (Vivaltis Inc., Montpellier, France) as shown in Fig. 2 , eEMG (Biopac MP100, Biopac Systems Inc., Santa Barbara, CA, USA) and torque acquisition devices (Biodex 3, Shirley corp., NY, US-A), and a laptop computer with the MATLAB interface for data processing and torque estimation. The subject is seated on the chair with the ankle at 90 degrees, while the joint center was aligned with the axis of a calibrated dynamometer. The shank was adjusted to be horizontal to the ground with the knee joint at 40 degrees. The foot was strapped to the pedal to transmit ankle torque to the dynamometer and to allow the optimal recording of isometric ankle torque. The bipolar AgCl EMG electrodes were positioned over the muscle belly in the direction of muscle fiber with 20mm interelectrode spacing. The reference electrode was placed on the patella of another leg. Electrical current pulses generated through the wireless stimulator were delivered to the right Tibialis (TA) muscle group with surface electrodes placed. Raw eEMG of TA muscle group and ankle joint torque were recorded, amplified (gain 1000) and sampled at a frequency f samp = 4096Hz by an acquisition system with a 16-bit A/D card.
The stimulation frequency was set at f stim = 40Hz leading to the loop execution time 25ms. The maximum pulse width (PW) of the stimulator was limited to 450µs. The suitable stimulation intensities were found to be 25mA. The test session included two phases: identification and prediction phases. Each sequence contained trapezoidal trains consisting of 2s stimulation (0.5s ramp-up, 1s plateau and 0.5s ramp-down) and 2s rest. During identification phase, the plateau stimulation PW of each trapezoidal train was increased gradually with step size of from 10% to 90% of the maximum PW. After identification, the plateau stimulation PW was randomly determined within 40% to 100% of maximum PW in the prediction phase. The real-time PW series were predefined and dispatched through MATLAB Timer object and then sent to the wireless stimulation unit. The stimulation artifacts existing in the raw eEMG were removed through the following steps: 1) Calculate differences between adjacent raw eEMG samples recorded in one loop (around f samp /f stim ≈ 103 samplings); 2) Compare these differences with a threshold value, if the differences are larger than it, set the corresponding adjacent raw eEMG samples as zero. During every loop the mean absolute value (MAV) of eEMG and mean value of torque were computed based on the f samp /f stim ≈ 103 raw eEMG and raw torque sampling respectively. Next, when there was no stimulus, the corresponding MAV value was set to zero. Since detection of the whole area of Mwave needs exact detecting of the M-wave lasting duration in real time, which could be rather difficult to detect, the MAVs of eEMG were averaged to be smoother (with a 0.8s time length moving window).
III. ONLINE KALMAN FILTER ESTIMATOR
In a previous work, a polynomial Hammerstein model (PHM) was used as the estimator model which could represent muscle contraction. Wwe defined contraction dynamics as the relationship between muscle activation and torque production [3] [8]:
where y(k) denotes model response output and u(k) denotes model input, a i , b i , and c j denote the model parameters to be identified, w(k) is the zero mean Gaussian white noise. In case of identifying relationship between stimulus and eEMG, u(k) denotes normalized stimulus PW and y(k) denotes MAV of eEMG; In case of identifying relationship between eEMG and torque, u(k) denotes MAV of eEMG and y(k) can denote analog voltage signal (with the baseline-value effect eliminated) scaling real torque. The state space form of such PHM is described as follows:
where w(k) is Gaussian white noise vector and
T . Matrix A(k) transforms the previous state vector x(k − 1) into the current state vector x(k). Coefficient B(k) denotes coupled linear and nonlinear parameter matrix associated with input u(k − 1).
Recursive KF with a forgetting factor λ ∈ [0.9 1] [3] is adopted as the online estimator in the real-time environment. Since eEMG is involved as the bio-feedback in the closed loop, dual estimators can exist. One is estimator between stimulus and eEMG, and the other is between eEMG and torque [8] . Here, the recursive KF contains two parts, first one is a priori estimate phase and the second one is a posteriori update phase.
1) a priori estimate: 
wherex(k) andP(k) are the priori estimated state vector and plant covariance matrix respectively, andŷ(k) is the predicted muscle output.
2) a posteriori update:
State vector and covariance matrix are respectively updated by
Such recursive KF can be implemented with the real-time measurement and acquisition system. It is worth noting that the actual obtained torque τ (k) = Sy(k) (Nm) is scaled according to its linear relationship to the measured analog voltage y(k) (V) exported from the analog port of the Biodex chair, where S = 43.2/5 (Nm/V) is the scaling parameter.
IV. RESULTS
We present online identification and prediction results obtained by the established real-time system. During the whole estimation process, the predefined stimulation pattern is of trapezoidal type. Fig. 3 shows the plotting of eEMGbased torque estimation results. In the first 20 seconds the model is undergoing identification, after time instant 20s, measured torque information is not used any more and we predict the torque purely based on eEMG with the identified model.
One motivation of utilizing eEMG-based rather than PWbased estimator for torque predication is originated from the fact that eEMG-based can be of higher stability for closedloop torque control [8] . Utilization of eEMG may improve potential muscle fatigue tracking. To evaluate the prediction performance of estimation, we introduce two indexes, root mean square error (RMSE) and variance accounted for (VAF): where τ m is the actual measured torque vector andτ is the predicted torque vector. Tab. I shows the aforementioned performance indexes for the prediction of the able-bodied subject with five trials. The overall average RMSE and VAF are respectively 0.73±0.21 Nm and 81.14%±9.86%. The system's loop execution time of the every instant estimation was between 18ms and 20ms for all loops, which was not exceeding 25ms. The measure maximum torque of the subject was around 15Nm, so the RMSEs of the five trials are below 1Nm indicating accurate predictions achieved by the system.
V. CONCLUSION AND FUTURE WORK
In this work, a real-time system for online estimation of joint torque with evoked electromyography (eEMG) is presented. The whole estimation system consists of eEMG/torque acquisition and predefined-pattern stimulus delivery. Kalman filter (KF) is adopted and embedded into the system as the online estimator. Such real-time online torque estimating system produces promising prediction results. If the computational time of every stimulation loop is less than 1/f stim , the real-time estimation system can hold the stimulation frequency f stim fixed. Additional functionalities of real-time FES-based torque control into the system should not much increase the executive time of each computation loop and the system operation has to be restricted within the stimulation loop duration 1/f stim . Thus, in order to deal with this time constraint,development of efficient online computational estimation/control algorithms is important and the online torque control function is under developing based on the method as in [8] . Additionally, in order to further evaluate feasibility of the real-time torque control with eEMG as biofeedback, the next step needs to perform the experiment with SCI patients. We will demonstrate the feasibility of restoring complex movement using closed loop FES on SCI patients.
